The objective of this paper was to identify heterogeneities associated with the relationships between the body mass index (BMI) and individual as well as socio-environmental correlates at the individual-and area-levels. The data sources used were: (i) the 2003 Canadian Community Health Survey; (ii) the 2001 Canadian Census; and (iii) the Enhanced Points of Interest (EPOI) database from the Desktop Mapping Technologies Inc. Participants were adults (≥20 years; n = 12,836; based on a survey weight scheme N weighted = 5,418,218) from Toronto and Vancouver census metropolitan areas with no missing BMI records. In addition to conventional 1 km-buffers, we constructed activity-space-buffers to better assess the walkability and potentially increased BMI of individuals. Multi-level analysis was then applied to estimate the relative effects of both individual-and area-level risk-factors for increased BMI. The findings demonstrate a negative association between BMI and energy expenditure, mixed land uses, residential density and average value of dwellings, while a positive association was found with low educational attainment. Relationships were independent of individual characteristics such as age and ethnicity. Although the majority of the variation in these outcomes was found to be due to individual-level differences, this study did show significant differences at the area-level as well. The activity-space-buffers presented a vast improvement compared to the conventional 1 km-buffers. The results presented support the rationale that targeting high-risk individuals will only address a portion of the increasing BMI problem; it is essential to also address the characteristics of places that compel individuals to make unhealthy choices.
Introduction
Overweight/obesity are now recognised as not only a major public health problem but as a global epidemic (WHO, 2013) . In 2008, 35% of the adult population (aged ≥20 years) were overweight and 11% were obese (WHO, 2013) . Within the Canadian context, the 2008 Canadian Community Health Survey (CCHS) identified that approximately 25% of adults were obese and when combined with overweight, the prevalence was 62% based on measured height and weight data (Public Health Agency of Canada & Canadian Institute for Health Information, 2011).
Overweight/obesity have been shown to be associated to various health problems, such as type II diabetes, cardiovascular diseases and psychosocial issues, such as depression (Raine, 2004) . Further, they are associated with an increased prevalence of primary-care visits, exacerbating the load on an already overburdened health-care system (Janssen, 2013) . Yet, in spite of the magnitude of the problem, there is still much to be learned about the factors contributing to the obesity epidemic. Research on the determinants of overweight/obesity has primarily focused on exploring and identifying individual-level risk factors such as age, gender, diet and physical (in)activity (Raine, 2004; Tjepkema, 2005; Crosnoe, 2007; Herrera and Lindgren, 2010) . While individual factors are without doubt important, they do not fully explain the prevalence of obesity by themselves (Robert and Reither, 2004; Harrington and Elliott, 2009; Poortinga et al., 2011) . For this reason, the scientific community has shown a growing interest on the aspects of the environment that could serve as potential determinants of increasing body mass index (BMI). However, most studies to date have focused on the built environment of the neighbourhood; they show that individuals are more likely to have lower BMI if their neighbourhood has facilities such as walking/cycling paths, street connectivity and land use (Frank et al., 2004 (Frank et al., , 2008 (Frank et al., , 2009 Ross et al., 2007; Zick et al., 2009) . Few have explored the association between increased BMI and characteristics of the socio-economic environment or a combination of both (Frank et al., 2008; Navalpotro et al., 2012) .
In addition, as noted by recent reviews (Feng et al., 2010; Ding and Gebel, 2012) , there are still methodological challenges that influence the strength or even consistency of the potential association between increased BMI and the environment. Most research to date focuses on either perceived or objective measures of the physical and/or socio-economic environment (Ding and Gebel, 2012) . Furthermore, the definition of the spatial unit that would best represent a respondent's local environment remains a challenge. A number of studies have used either pre-defined spatial units such as census tracts (Boer et al., 2007; Leslie et al., 2007; Ross et al., 2007) or spatial information (e.g. addresses, postal codes) to establish a circular buffer around respondents' geocoded location at a given radius (Frank et al., 2004) . A limitation of this approach is that pre-defined areas may not correspond to areas that individuals actually use (Páez et al., 2010; Morency et al., 2011) . More recently, studies have created buffers based on mobility patterns and have been mainly applied in other research areas, e.g. transportation (Kwan, 1999; Chaix et al., 2009; Morency et al., 2011) . New research is required on the rigorous validation of these methods.
While the volume of literature exploring the determinants of increased BMI is expanding, the field offers important opportunities for further study. Current research findings suggest that the social context of the determinants of overweight/obesity are not well explored and require further investigation. In addition, existing studies have assessed the extent to which circular or activity-space buffers influence walking patterns and the potential association between weight status and the built environment. Therefore, the main objective of this research is to examine the individual and environmental (based on both objective and reported measures of the physical and socio-economic environments) determinants of increased BMI in urban Canada. The analysis grid for environments linked to obesity (ANGELO) framework was employed to effectively categorise elements of the local environment (the arealevel of the analysis) that could potentially be driving the obesity epidemic in Canada (Swinburn et al., 1999) . We chose Canada's two largest metropolitan areas (Toronto and Vancouver) for two reasons. First, approximately 20% of all Canadians live in these two metropolitan areas. Second, both census metropolitan areas (CMAs) are characterised by various neighbourhood designs ranging from high to low on a continuum of walkability and residential density. Thus, Toronto and Vancouver CMAs provide a useful case study for the individual and socio-environmental determinants of overweight/obesity in Canada.
Material and methods

Data
Three data sources were employed for this study namely: . These data sources were matched based on postal code residential information available in the master files of the CCHS.
The CCHS provides cross-sectional health and social indicator information on a large representative sample of Canadians and is intended to provide reliable estimates of health outcomes and health determinants at sub-provincial scales. The target population of the CCHS is individuals ≥12 years of age living in private dwellings, excluding those living on Indian Reserves or Crown lands, the institutionalised population, full-time members of the Canadian Armed Forces and residents of certain remote regions. Using a multistage stratified cluster design approach, a total of 134,072 individuals participated in the CCHS 2.1, with a response rate of 80.7%. A detailed description of the CCHS design and questionnaire is available at Statistics Canada (2005a). Using the CCHS master file and the Statistics Canada's postal code conversion file allowed access to a sub-national disaggregation of the data and linkage with the DMTI spatial database and the 2001 Canadian Census of Population. Individuallevel data were linked to the 2001 Canadian census profiles using the postal codes recorded for each respondent in the CCHS at the dissemination area (DA) level. We chose the DA as the area-level of analysis, at it is the smallest standard geographic area for which all census data are disseminated.
Body mass index
BMI is a simple index calculated as the weight in kilograms divided by the square of the height in metres (kg/m 2 ) that is commonly used to classify adults with respect to weight. We used BMI as a continuous vari-able for the following reasons: (i) dichotomizing BMI into overweight/obese versus optimal-weight/underweight would not have allowed for an unrestricted assessment of BMI; and (ii) any categorisation may have resulted in dealing with marginal cases (e.g. does a BMI = 29.9 indicate a optimal weight or an overweight individual?). BMI was calculated based on selfreported height and weight data. Individuals with missing BMI records due to invalid data were excluded from the analysis. All data were weighted using the combined weight provided by Statistics Canada as part of the public use micro-data file (Statistics Canada, 2005b) . In particular, in order for the estimates produced from the survey data to be representative of the populations covered and not the just sample itself, we incorporated survey weights into the analysis. These weights took into account the sampling frame, design and estimation/implementation. Results based on weighted analysis are presented as N-weighted. The final sample included in the analysis was 12,836 participants (N-weighted = 5,418,218) ≥20 years of age residing in Toronto and Vancouver CMAs.
Individual-level explanatory variables
Selection of variables was based on existing literature and specifically, the broader determinants of health according to the population health perspective (Evans et al., 1994; Raine, 2004) . The variables included may be divided into the following categories: (i) lifestyle; (ii) socio-economic status; and (iii) variables relating to the built and social environments. Lifestyle variables included physical activity and fruit/vegetable consumption, while income adequacy (based on income and household size), employment status, home ownership and education level comprised the socio-economic variables. Characteristics of the social environment of the individuals were also acquired from the CCHS data and included information on whether the individual was a member of a voluntary organisation and their sense of belonging to the local community.
Seven built-environment variables were constructed based on the DMTI database: land use mix (LUM), street network connectivity, residential density and density of fast-food restaurants, convenience stores, grocery stores and recreational centres. Built environment data were linked to individualised buffers to measure the built environment near the participant's residence. Brief operational definitions for each appear below.
LUM was operationalised using the method provided by Frank and Engelke (2001) . In this study, data for five land use types were available (i.e. residential, commercial, industrial, institutional and open space). In general, LUM values vary on a continuous scale between 0 and 1, with the latter indicating an even distribution of all land use categories (heterogeneity) and zero implying a single type of land use (homogeneity). Street network connectivity was defined as the number of street intersections divided by area in km 2 . Residential density denotes the number of occupied households per residential land use in km 2 . Three variables were considered for characterising the density of various opportunities; namely the number of fast-food restaurants, convenience stores, grocery stores and recreational centres. Data were divided by area in square km 2 to obtain comparable units.
Confounding factors
We controlled for chronic conditions (i.e. blood pressure, diabetes, arthritis/rheumatism and anxiety/mood disorder) and demographic characteristics (i.e. age, gender and ethnicity) that could influence the association between BMI and its determinants. Categorical representations of these explanatory variables were included within the models based upon a priori expectations, with value "1" used as the reference category, typically representative or linked to poorer states of health (i.e. regular smokers, heavy drinkers, suffering from a chronic disease).
Dissemination area-level explanatory variables
According to the definitions advocated by Swinburn et al. (1999) , neighbourhood is defined as a microenvironmental setting, rather than a macro-environmental sector; therefore, we only adapted the microenvironmental setting of the ANGELO grid (Swinburn et al., 1999) at the DA-level. Variables from the census were grouped within the environment types specified by the ANGELO framework, which divides the environment into two dimensions: the size (home and dissemination area) and the type of the environment (e.g. physical, socio-cultural, economic and political). In particular, Table 1 presents all the area-level variables considered based on the literature. For the physical environment, older homes (houses built prior to 1946) were used as proxies for neighbourhood characteristics (Berrigan and Troiano, 2002) , and homes in need of major versus minor repairs were selected as indicators of neighbourhood aesthetics. For socio-cultural variables, the proportion of home owners versus those in rental homes was calculated as a proxy for neigh-bourhood social cohesion. It was expected that home owners would be more inclined to invest in their direct surroundings and be more attached to their neighbourhood than those in a more transient, rental-based residency situation (Brown et al., 2003) . As part of the preliminary analysis, we also tested the association between the proportion of households with single parent families and BMI and found no significant association with the outcome of interest. Finally, proportion of the neighbourhood with at least high-school education, was included as a socio-cultural environmental correlate. Since education can be used as a proxy for health literacy (Crosnoe, 2007) , it may be more likely to represent a neighbourhood's attitudes and beliefs about obesity, rather than representing measures of the costs related to obesity, as with economic environmental factors (Swinburn et al., 1999) . For the latter, we included variables such as the average and median household income, average dwelling value, proportion of households below the low-income cut-off (Statistics Canada, 2008) , and the unemployment rate (Lahti-Koski et al., 2000) . No measures of the political environment were available in the census profiles and therefore could not be taken into consideration in the analysis.
Statistical analysis
Analyses were performed using SAS 9.2 (SAS Institute Inc., 2008). A number of outliers were excluded from the analysis as we deemed their BMI values to be inaccurate (i.e. cases were excluded if the reported BMI was more than 100 kg/m 2 and could not be justified by all other characteristics of the individual).
Spatial data analysis and geographical information system (GIS) techniques were employed to assess the contribution of the built environment. The process involved three steps: (i) geocoding participants' residential addresses; (ii) creating buffers (i.e. bounded areas of a specific dimension, around each residence location in which built environment features are subsequently quantified); and (iii) linking built environment data (e.g. land uses) to geocoded participants' buffers to measure the built environment near the participant's residence (e.g. land use mix). ArcView version 3.3 (ESRI, 2002) was used to geocode participant addresses and create buffers around the participants' residences.
Conventional and activity-space-buffers were created for the purposes of this study. Conventional buffers had a radius of 1 km around the centroid of each respondent's postal code in the CCHS sample. The radius of the activity-space-buffer was estimated using the model developed by Morency et al. (2011) , which was developed for three major Canadian urban centres; Hamilton, Toronto and Montreal and was therefore applied only for Toronto. Buffers were created around each respondent's postal code using individualised travel-distance that resulted from the model as radius (range of values = 1.2-6.5 km). For comparison purposes, buffers equal to the median travel-distance (3.94 km) were also constructed for both Toronto and Vancouver.
All variables found to be statistically significant at the 0.05 level in bivariate models were included in multivariate models. A type II analysis of variance test followed to test the significance of each variable to the overall fit of the model. Multicollinearity was assessed using the variance inflation factor for each estimator (for both individual-and area-levels of analysis). All variables found to be statistically significant after this stage were included as the individual-level basis for the multilevel analyses. To test whether associations were similar for both men and women, we also modelled the interaction of all independent variables with gender. Further, to address whether some individual-level variables, such as physical activity acted as mediators in the pathway relating neighbourhood characteristics to BMI, we also tested for potential interactions between energy expenditure as well as fruit and veg- etable consumption and each of the neighbourhood variables. Results were presented only when the interaction term was significant at the 0.05 level.
The multi-level models used to assess the potential influence of area-level variables were computed using MLwiN v.2.01 (Rasbash et al., 2009) . Random intercept and fixed slopes models are presented. We also fitted a random slopes model; however, no variables had significant slope variance. An intra-class correlation coefficient (ICC) was estimated to determine the proportion of the total variability that is accounted for by differences among areas (Snijders and Bosker, 1999) . Generally, a decline in the ICC indicated that the differences between areas had been reduced by the inclusion of explanatory variables.
Results
The coefficients may be interpreted as the absolute change in the outcome variable associated with a oneunit increase in the independent variable for continuous variables (e.g. energy expenditure). For categorical variables, these coefficients can be interpreted as the difference between mean BMI and levels of that categorical variable (e.g. not having completed a high school education) and the reference group (e.g. completed high school education), while controlling for all other variables in the model. Tables 2 and 3 also reference confounding variables (e.g. age, gender, high blood pressure, diabetes and arthritis/rheumatism) that have been used in order to analyse the relationship between BMI and its determinants independent from their impact.
Energy expenditure and smoking were negatively associated with BMI. Fruit and vegetable consumption was also tested but not presented here, as they were not significant at the 0.05 level (Tables 2 and 3) .
High school education was found to be positively associated with BMI, indicating that individuals with higher secondary education had increased BMI compared to those with equal or less than secondary educational attainment. This relationship, although marginally significant in models 1 and 2 for Toronto (Table 2 ) and model 2 for Vancouver (Table 3) emerged as a much stronger indicator than any other measure of socio-economic status (e.g. average family income or income adequacy).
With regard to the built environment, three variables were included in the models; LUM, residential density and street connectivity. However, measures of the built environment could be correlated. To avoid this issue, the variance inflation factor between BMI and the built environment variables was estimated. The values of the variance inflation factor were close to one, indicating that multicollinearity between the built environment variables was not an issue (Table 4) .
Individuals living in areas with mixed land uses have lower BMI for both Toronto and Vancouver than those living in areas with a single or few land use types. Residential density was also negatively associated with BMI for Vancouver, but not for Toronto. In addition, street connectivity was not found to be significantly associated with BMI for both Toronto and Vancouver. The relationship between BMI and LUM was significant in models 1 and 2 in Toronto but not in model 3. None of the potential mediators (physical activity and diet) in the pathway relating neighbourhood characteristics to BMI were statistically significant. Statistically significant gender differences appeared in terms of the psychological and socio-economic characteristics of the individuals. Females with low levels of education (high school or less) had higher BMI's compared to those with higher levels of education. However, the association was marginally significant in model 3 for Toronto and models 2 and 3 for Vancouver and therefore the results need to be interpreted with caution.
The ICC's indicated that considerable proportions of the variation occurred at the neighbourhood-level, with values ranging between 1.2% and 3.1% for Toronto and 4.1% and 4.5% for Vancouver. In particular, for Toronto, findings revealed that individuals living in areas with low average dwelling value had higher BMI's than those living in areas with high average dwelling value.
Discussion
The findings reported here underscore the evidence for an adverse association between BMI and energy expenditure, LUM, residential density, average value of dwellings and a positive association with low educational attainment, even after controlling for age, gender, chronic diseases and ethnicity. The major variations in these outcomes was found to be due to individual-level differences rather than area-level differences. However, this study did show significant differences at the area-level of analysis, supporting existing research suggesting that individual-level factors alone cannot explain variation in obesity rates across space (Ewing et al., 2003; Mobley et al., 2004; Frank et al., 2006 Frank et al., , 2008 Frank et al., , 2009 ). These results further explicate the importance of the ANGELO framework in order to better understand the nature of the relationships between different types and scales of the "environment" that can and have shaped health negatively or positively, in this case resulting in an increased BMI.
This study provides further evidence on the application of GIS on the development of environmental variables and exploration of the potential association between BMI and the built environment. Using the activity-space-buffers, we were able to demonstrate an association between BMI and the environment, taking into consideration the demographic and socio-economic characteristics of the individuals. For example, elderly populations tend to travel shorter distances and therefore have a shorter buffer size, while younger populations travel more and therefore have a longer buffer size. This finding is particularly important as it demonstrates that relations between the built environment and BMI are sensitive to the mobility patterns of respondents, i.e. the use of buffers based on mobility measures can help uncover a relationship that remained hidden in the case of models based on buffers of arbitrary size (e.g. 1 km).
While the relationship between the built environ- Table 2 . Individual and area-level correlates of BMI based on multi-level modeling analysis -Toronto, CMA. 95% CI = 95% confidence interval; P <0.001 ***; P <0.01 **; P <0.05 *; CMA = central metropolitan area. ment and obesity has been examined in many studies (Feng et al., 2010; Ding and Gebel, 2012) , there is a lack of a clear rationale for choosing built environment measures. For example, while many have used measures of urban form (Ewing et al., 2003; Ross et al., 2007) , others have explored the potential association between weight status and the built environment using measures of walkability and accessibility (Frank et al., 2004; Powell et al., 2007) . Nevertheless, few studies have undertaken similar approaches to explore the association between weight status and the built environment using measures of land use, residential density, street network connectivity and measures of accessibility (e.g. density of fast-food restaurants). Findings from this study indicate though, that compared to accessibility, measures of land use and residential density were generally better indicators of the built environment for both Toronto and Vancouver. This is useful since employing a more sensitive estimate of the built environment could be used to better assess the environmental determinants of increased BMI. Table 3 . Individual and area-level correlates of BMI based on multi-level modeling analysis -Vancouver, CMA. 95% CI = 95% confidence interval; P <0.001 ***; P <0.01 **; P <0.05 *; CMA = central metropolitan area.
Average dwelling value was related to BMI independently of individual-level characteristics. There is a growing understanding that average dwelling value is an expression of individual-level socio-economic status (Dunn, 2002) and that aggregate measures of average dwelling values may be sensitive measures of neighbourhood socio-economic position (Cozier et al., 2007) .
The social environment indicators (i.e. member of a voluntary organisation and sense of belonging in the local community) were not significantly associated with BMI. This may be due to the following: the variables used are not adequate measures of the social environment; or more simply, that the social environment does not equate with the weight status of individuals in urban Canada. However, the last explanation seems unlikely given that studies have found that social envi-ronment indicators are significantly associated with weight status (Cohen et al., 2006; King et al., 2006) .
In general, our findings are consistent with existing literature on gender differences with respect to weight and this study underlines that the use of interaction terms could demonstrate potential differences on the determinants of overweight/obesity between the two genders. Indeed, the gender differences on the determinants of overweight/obesity could potentially be due to differences in the social constructs of gender (Diamond, 2000) . For example, research findings from related studies have suggested that overweight and obese females are more likely to be diagnosed with a psychosocial disorder (e.g. anxiety, mood disorder) than males (Steptoe et al., 2000) . Gender differences on the relationship between educational attainment and BMI could result from a number of mediat- ing factors such as social perceptions/norms and availability of resources (Crosnoe, 2007) .
Possible limitations include the fact that the study is based on a cross-sectional design. However, the relationships uncovered are well established in the literature, and the direction of the relationships is sensible. Further, the BMI data used were based on self-reported information. Still, given that individuals tend to over-report their height and under-report their weight (Katzmarzyk, 2002) , the associations reported here should be considered conservative. Third, determining the optimal buffer size for measuring environmental characteristics needs further consideration. While we present results using a 1 km, activity-space-buffers and median travel-distance-based buffers, further research is needed. Although the results here indicate that a buffer based on distance travelled is a vast improvement over previous estimates, we were only able to use the available model for Toronto. Fourth, although additional built environment correlates such as sidewalks, trees, traffic speed and volume as well as intersection design have been found to be correlated to increased BMI (Frank and Engelke, 2001; Frank et al., 2004) , only variables available in the DMTI database could be examined and included in the present study. Further studies are thus needed to evaluate associations between BMI and a greater range of built environment variables. Yet, the variations in the BMI established in this study verify the contribution of the individual and area-level factors on increased BMI in urban Canada. Finally, we should also acknowledge that variables relating to aspects of health status (notably blood pressure and diabetes) are equally likely to be outcomes of BMI as well as determinants. We therefore included such variables only as controls for our models, i.e. we do not suggest that high blood pressure causes overweight/obesity. Rather, the role of control variables such as health (blood pressure, diabetes), ethnicity, smoking, age and gender is to reveal the true effects of the determinants of overweight/obesity such as physical activity, built environment and level of education independently of the impact of blood pressure and diabetes.
Conclusions
The findings established in this study underscore the results of previous studies by confirming that individual, socio-economic and environmental characteristics both at the individual and area level of analysis play a significant role in explaining the variation of BMI. In addition, the incorporation of built environment meas-ures demonstrate the effectiveness of GIS applications and offer new evidence with regard to the relative contribution of the built environment. Employing different measures of the built environment could therefore modify their potential association with increased BMI.
Although the overwhelming amount of variation in BMI occurred at the individual level, we found incremental effects at the area-level of analysis as well. That is, this study added to growing evidence suggesting that targeting high-risk individuals will only address a portion of the overweight/obesity problem, and that it is also important to address the places that compel individuals to make unhealthy choices.
